The study investigates farm level technical efficiency (TE) and its determinants in the state of West Bengal in India. A stochastic production frontier model has been applied for determining technical efficiency by using panel data on 17 agricultural production units over a period of 23 years. Maximum-likelihood estimates of the Cobb-Douglas stochastic frontier production function in a time-variant truncated normal distribution is appropriate for the measurement of technical efficiency of West Bengal agriculture in India. The estimated variance ratio indicates that 48.90 percent of the differences between the observed and the estimated output is caused by differences in farms' technical inefficiencies. However, the remaining variation is due to factors beyond farmers' control. The study shows that the agricultural farms in West Bengal exhibit increasing returns to scale in production. The study finds that farmers' education and agricultural extension are important determinants of technical efficiency. Other prominent determinants that have a significant contribution are farm size, crop diversification, number of available agricultural markets, the proportion of small landholders and input intensity. All these determinants, excluding the proportion of small landholders, have a largely positive impact on technical efficiency. The maximum-likelihood estimation (MLE) and principal component analysis (PCA) are applied to determine the effects of determinants on TE. Both methods give similar results.
Introduction
West Bengal is an important state in the eastern part of India in terms of agricultural production. It is predominantly an agrarian state covering 2.7 percent of India's geographical area while supporting nearly 8 percent of the country's population (India Population, 2017) . During 2014-2015, West Bengal had a gross cropped area of 9.6 million hectares and contributed around 19 percent to the gross state domestic product (GSDP). This led the state to contribute 9.73 percent to national production while covering 4.88 percent of net agrarian area. Agriculture still remains the most important means of livelihood of the rural masses in West Bengal. There are 7.12 million agricultural families 96 percent of whom are small and marginal farmers. The average size of land holding is less than one hectare. However, the state has diverse natural resources and varied agro-climatic conditions which support the cultivation of a wide range of crops. In terms of producing paddy and vegetables West Bengal ranks first and is the second largest producer of potato.
It is also the leading producer of jute, pineapple, litchi, mango, and loose flowers (https://wb.gov.in/portal/web/guest/agriculture). The cultivation of pulses, oilseeds, and maize are also picking up fast. Though the structure of agriculture in West Bengal in the post-liberalization era has undergone a change (Mithiya, et.al., 2018) , a huge gap still exists between the demand and the production of pulses, oilseeds, maize, and other agricultural commodities. A study on technical efficiency of agricultural production in West Bengal is therefore, quite necessary to understand it's contribution in bridging this gap.
In this study, an attempt has been made to measure the Technical Efficiency (TE) of agricultural production in various farms of West Bengal during the post-liberalization period. Here, for the sake of analysis, each district of the states has been considered as a unit of production. Hence, each district has been identified with a farm. The study also attempts to point out the various factors determining the TE levels of different farms. Such information can be useful to identify the farms (districts) with low efficiency and suggest measures to improve the same. The study takes into account crop diversification, farmers' education and agricultural extension as major determinants of TE in addition to size of land holding, proportion of small landholders, number of available agricultural markets and input-intensity.
Technically, a production function is efficient if a farm produces the maximum quantity of output attainable with given inputs. Thus, the production frontier is the locus of the technically efficient input-output combinations. Inefficiency arises once a farm produces an amount of output that is within the production frontier. In other words, TE refers to the ability to minimize input use in the production of a given output vector or the ability to obtain maximum output from a given input vector. Therefore, a producer is technically efficient if an increase in an output leads to a reduction in at least one other output or an increase in at least one input, and if a reduction in any input causes an increase in at least one other input or a reduction in at least one output (Koopmans, 1951) .
Technical efficiency is measured by both non-parametric and parametric methods. Non-parametric methods include Data Envelopment Analysis (DEA) or Free Disposal Hull (FDH). These methods originate from operation research and use linear programming to calculate an efficient deterministic frontier against which units are compared. The parametric methods including Stochastic Frontier Analysis (SFA), Thick Frontier Approach (TFA), and Distribution-Free Approach (DFA) utilize econometric estimation. The econometric theory is used to estimate pre-specified functional form and inefficiency is modeled as an additional stochastic term (Furková , 2011) . Therefore, TE can be modeled using either the deterministic or the stochastic production frontier. In the case of the deterministic frontier model, the entire shortfall of observed output from the maximum feasible output is attributed to technical inefficiency, whereas the stochastic frontier model includes the eff ect of random shocks to the production frontier. SFA has been chosen over DEA in the present study to measure TE as it can separate random noise from efficiency which DEA cannot. DEA does not specify the nature of the production function and also not considers random noise. Therefore, the efficiency estimates may be biased in DEA.
The quantification of TE for a production unit (farm) has been extensively researched by agricultural economists over the years. The assessment of farm level technical efficiency and the factors influencing it, provide useful information to improve economic performance of farms. The efficient uses of available resources is important for economic viability and sustainability of agricultural farms in the long run. Therefore the measurement of technical efficiency is important for analyzing the overall economic performance of farms (Ahmadzai, 2004) . The identification of determinants of technical efficiency is of significant importance for facilitating agricultural growth using productive agricultural strategy. This in turn is of utmost importance to farmers to ascertain their individual productivity and to reduce costs.
Objective
The primary objective of this study is to estimate the level of TE and identify the factors that determine it. The specific objectives are as follows: a) To estimate the levels of Technical Efficiency of different farms (district as a unit) in West Bengal during post-liberalization era b) To estimate whether the agricultural farms in West Bengal exhibit economies of scale, c) To see how farm size, crop diversification, farmers' education and agricultural extension are influencing Technical Efficiency,
Method and Materials

Data
A panel data on 17 production units (districts) for the period of 23 years (1991-92 to 2013-2104) , have been used. Secondary data relating to agricultural production, area, irrigation, fertilizer consumption, rural literacy rate and the number of agricultural markets at the district level in West Bengal have been collected from various issues of District Statistical Hand Book (Govt. of West Bengal, 1990 -91 to 2013 . The district level statistics on agricultural labor, average size of holding, number of small farmers have been taken from Estimates of Area & Production of Principal crops in West Bengal (Govt. of West Bengal, 1990 -91 to 2013 . Since disaggregated data for the districts of North and South Dinajpur are not available during the period from 1991-92 to 1995-96, the two districts have been taken as a single unit in the name of West Dinajpur.
The estimates of crop diversification have been calculated by the authors on the basis of available data on cultivated area. The authors have also calculated the labor, fertilizer and irrigation intensity from available statistics.
Theoretical Model
TE in an agricultural farm is measured as the ratio between the observed output and the stochastic frontier output (potential output) under the assumption of fixed input (or, alternatively, as the ratio between the observed input and the minimum input under the assumption of fixed output). The stochastic frontier output is the potential output possible given the available technology and inputs used. In stochastic frontier, all deviations from potential output are attributed to inefficiency. However, sometimes potential output might itself fall due to exogenous shocks. As a results the production frontier might shift downwards. The stochastic frontier output is given by
The actual output is given by Y = ƒ (X i ; β i ).exp (v i ).exp (-u i ); v i ≤ 0 and u i ≥ 0
(2) f (X i ; β i ), exp (v i ), exp(-u i ) and ƒ(X; β).exp(v) are a deterministic kernel, an effect of exogenous shocks on output, inefficiency and stochastic frontier respectively.
By definition,
Therefore,
(v iu i ) is the composite error term Where, the u i is the inefficiency term and it always lies between 0 and 1. When u i is equal to zero, TE =1, then production is on the frontier. Therefore a farmer is technically efficient. When u i is greater than zero (u i > 0) the farmer is technically inefficient (TE <1), since production will be inside the frontier. Diagrammatically it is given in Figure 1 . The horizontal axis represents the inputs, X, associated with production of output, Y. The observed input-output values are inside the production frontier as the farms do not attain the maximum obtainable output from the inputs involved, given the technology. A measure of the TE of the farm that produces output y with input x (denoted by point A in figure 1) is given by y /y*, where y* is the 'frontier output' associated with the level of inputs x (see point B). This is a measure of TE which is conditional on the levels of the inputs involved (Battese, 1992) .
The stochastic frontier production function (4) is defined for cross-sectional data. Pitt and Lee (1981) estimated a stochastic frontier production function using panel data of N firms over T periods. The model has been defined as follows:
Where, (v itu it ) is the composite error term i= 1, 2, ..., N, t = 1, 2, ... , T Here represents the production of the i-th firm (i =1,2,..., N) at the t-th period (t = 1,2,..., T); X it is a (1 x k) vector of values of inputs and other explanatory variables associated with the i-th firm at the t-th period,  is a vector of unknown parameters for the stochastic frontier. v s are assumed to be iid N (0, 2 ) random errors and independent from u it s. The u it s represent non-negative random variables associated with technical inefficiency of production which are assumed to be independently distributed.
Since agricultural production always operates under uncertainty, the present study employs the stochastic production frontier approach that has been discussed above. In this framework it has been assumed that u it s are non-negative random variables which are responsible for technical inefficiency in agricultural production. u it s specify the inefficiency effects in the stochastic frontier production function due to factors under control of the farmers. Time plays an important role in influencing production inefficiency. Battese and Coelli (1992) proposed a simple model that can be used to estimate the time behavior of inefficiency:
Where, η is an unknown scalar parameter to be estimated, which determines whether inefficiency is time-varying or time-invariant, and u i s are assumed to be iid and truncated at zero of the N (μ, ζ u 2 ) distribution.
If η is positive, then -η (t -T) = η (T -t) is positive for t <T and so, exp [-η (t -T)] > 1, which implies that technical inefficiency of farm declines over time. If η is zero, technical inefficiency of agricultural farm remains constant; if it is negative, it increases over time.
Inefficiency is assumed to be a function of a set of explanatory variables. Therefore, the technical inefficiency effect, u it , in the stochastic frontier model (5) can be specified as follows:
where the random variable w it follows truncated normal distribution with mean zero and variance ζ 2 such that the point of truncation is i.e., w it , > . These assumptions are consistent with u it being a non-negative truncation of the N ( , ζ 2 ) distribution. After u it s are estimated, the technical efficiency of the i-th farm in the t-th period is given by:
Parameters of the stochastic frontier given by equation (5) and (in) efficiency model given by equation (6) are simultaneously estimated by using maximum likelihood estimation.
The simultaneous estimation is proposed by Battese and Coelli (1993) . The likelihood function expressed in terms of variance parameters are: σ 2 = σ 2 v +σ 2 u and γ = σ 2 u / σ 2 Here γ (Gama) is the parameter that measures the discrepancy between the frontier and observed levels of output. This is interpreted as the total deviation of observed output levels from their frontier values attributable to technical inefficiency. γ has a value between zero and one. ζ u 2 is the variance parameter that denotes deviation from the frontier due to inefficiency; ζ v 2 is the variance parameter that denotes deviation from the frontier due to noise; ζ 2 is the variance parameter that denotes the total deviation from the frontier.
To measure crop diversification, Simpson's Index (SID) has been considered. The Index is given as follows:
is the proportionate area (or value) of the ℎ crop activity in the gross cropped area (or the total value of output), while N is the number of crops.
The Simpson's index ranges between 0 and 1. If there exists complete specialization, the index moves towards zero and away from zero implies diversification. The most widely used method for measuring diversity in recent times is Simpson's index as it is easy to compute and interpret (Joshi et. al., 2004) .
Empirical Model
A two-stage stochastic frontier approach is used in this paper, where, in the first stage, stochastic production function along with farm level technical efficiencies are estimated, and in the second stage, the determinants of such efficiency levels are identified. Maximum likelihood estimation technique is used in the first stage to estimate stochastic frontier production function. The analysis is based on data of 17 production units for the period of 23 years. The stochastic frontier production function in (5) can be viewed as a linearized version of the logarithm of the Cobb-Douglas production function (A Translog production function could have been considered instead. Here the Cobb -Douglas production function has been randomly chosen.) for panel i data: The technical efficiency of the i-th farm in the t-th year can be calculated as:
In the second stage, the study uses the maximum likelihood estimation (MLE) technique to identify the determinants of TE by regressing different variables against the TE values obtained from Equation 8. In this estimation technique, the farm (district) specific TE estimates are used as dependent variables. The specification of the empirical model is given by TE = δ 0 + δ 1 ln Labint it + δ 2 ln Irrint it + δ 3 ln Fertint it + δ 4 ln Cd it + δ 5 ln Ah it + δ 6 Sf it + δ 7 ln Rm it + δ 8 ln Edu it + δ 9 ln AEx it + e it (9)
Where, Labint, Fertint, Irrint are the representation of labor intensity, fertilizer intensity and irrigation intensity respectively. Cd is the crop diversification, Sf and Ah are percentage of small landholders and average size of holding respectively. Rm represents number of rural markets, Edu is the rural literacy rate (a proxy for education), and AEx it is the agricultural extension (dummy used for AEx).
The study also uses principle component regression (PCR) method, where it begins with principal component analysis (PCA) to reduce the dimensions of the variables or to overcome the problem of multi co-linearity. The number of principal component used in the PCR model have been selected based on the cumulative proportion of the total variability in the range from 65 percent to 95 percent In this context the principal components are considered as regressor variables and the dependent variable is technical efficiency. Dummy variables in the PCR model overcome the problem of error of heterogeneity. The PCR model with dummy variables give a better model than the PCR model without dummy variables (Sahriman et. al, 2014) .
Thus, the technical efficiency has been specified as a function of the following principal components. The model for principal component regression is given by Equation (10): Maximum likelihood estimation of the parameters of Cobb-Douglas stochastic frontier production function and the technical efficiency effect model, given by equations (8) and (9), respectively, have been obtained using Frontier version 4.1 (Coelli, 1996) software. Estimates of parameters as well as the SE and t ratio of the maximum likelihood estimation of agricultural farms of West Bengal have been presented in Tables 2, 3 and 6.
Estimation of Stochastic Frontier Production Function
The maximum-likelihood estimates of the parameters for time-variant and time-invariant Cobb-Douglas stochastic frontier production function with the assumptions of half normal and truncated normal distribution are presented in Tables 2 and 3 . The half-normal and a truncated normal distributions have been considered to measure the presence of inefficiency in the model. Here, the log-likelihood ratio of the half-normal distribution is the null hypothesis (H 0 : μ = 0), while the log-likelihood ratio of the truncated normal distribution is the alternative hypothesis (H 1 :μ ≠ 0). Similarly, another hypothesis that inefficiency is time-invariant (i.e., η = 0) will be tested. The model will be estimated first by assuming time-variant (i.e., η ≠0) inefficiency; then restricted by modelling the frontier as time-invariant (Hasan, et. al., 2012) .
The estimates of the parameters with time-varying inefficiency effects for truncated and half-normal distributions are presented in Table 2 . The results depict that the coefficients in both the half normal and the truncated normal distribution in the time-variant model are 0.443 and 0.510 for land, 0.397 and 0.334 for labor, 0.066 and 0.068 for irrigation, 0.039 and 0.025 for fertilizer, 0.285 and 0.292 for credit, respectively. The estimated coefficients for all the inputs are positive. The coefficients of the inputs have signs as expected which confirm the expected positive relationship between land, labor, fertilizer, irrigation and credit with agricultural production. All these coefficients are statistically significant. The estimated values of the parameters of Cobb-Douglas frontier production function obtained with the assumptions of truncated and half-normal distributions are almost similar. The log likelihood functional values also are 127.26 and 132.66 in half normal distribution and truncated normal distribution respectively which are very close to each other. For a truncated normal distribution, γ is estimated to be 0.489 and for a half-normal distribution it is 0.805. Both the values are positive and significant. It can be interpreted that 48.90 percent variation in farm output of West Bengal agriculture is due to the differences in technical inefficiency when truncated normal distribution is considered and 80.50 percent variation arises when half-normal distribution is chosen. From Table 2 , we can also say that the estimates of ζ are 0.3585 and 0.2156 for half-normal and truncated normal distribution respectively with a time-variant model, which are significantly positive indicating that the assumptions of truncated and half-normal distributions are correct. *, **,*** Significance level at 1 per cent, 5 per cent and 10 per cent
S.E = Standard Error
Source: Authors' Calculation
The results in Table 3 show that the maximum-likelihood estimates of the parameters with time-invariant inefficiency effects for half-normal and truncated normal distributions are 0.461 and 0.541 for land, 0.270 and 0.197 for labor, 0.123 and 0.122 for irrigation, 0.132 and 0.125 for fertilizer, 0.520 and 0.525 for credit, respectively. The signs of the coefficients of all inputs are positive. All these coefficients in both the distribution are statistically significant. The log likelihood functional values of the two distributions are 77.089 and 83.308, which are nearly similar. The values of γ are found to be positive and significant in both the cases of half-normal and truncated normal distributions with time-invariant model and the values are 0.878 and 0.607 respectively. Therefore, we can say that in the case of time-invariant model 60.70 percent variation in farm output of West Bengal agriculture is due to the differences in technical inefficiency from truncated normal distribution and 87.80 percent variation is found when half-normal distribution is considered. Table 3 also depicts that the estimates of ζ are 0.523 and 0.284 for half-normal and truncated normal distribution respectively in the time-invariant model, which are significantly positive.
The null hypothesis of the model is that there is no technical inefficiency effect. In other words, H 0 : ζ u ² = 0 and the alternative hypothesis is H 1 : ζ u ² > 0.
A number of test statistics are available for testing this hypothesis. Here, the generalized likelihood-ratio test has been selected for testing alternative hypothesis. i.e., H 0 : γ = 0 and the alternative hypothesis is H 1 : γ > 0 (with γ = ζ u ² / ζ² where, ζ² = ζ u ²+ ζ v ²) *,**,*** Significance level at 1 per cent, 5 per cent and 10 per cent
Source: Authors' Calculation A series of formal hypothesis tests have been conducted to work out the distribution of random variables related to the existence of technical inefficiency and also the residual error term. These are tested through imposing restrictions on the model and the generalized likelihood-ratio statistic have been used to determine the significance of the restrictions. The generalized likelihood ratio statistic defined by the test, requires the estimation of the model under both the null and alternative hypothesis. Under the null hypothesis the model is equivalent to the traditional average response function, without the technical inefficiency effect, u i . The test statistic is calculated as
LR (λ) = -2{ln [L(H 0 )/L(H 1 )]}= -2{ln [L(H 0 )]ln [L(H 1 )]}
Where L (H 0 ) and L (H 1 ) are the values of the likelihood function for the frontier model under the null and the alternative hypothesis respectively. Test Statistic is calculated in Frontier and the critical value of a test of size α 0, 05 is 2.7.
If the null hypothesis involves γ = 0, expressing that the technical inefficiency effects are not present in the model, then, λ has a mixed chi-square distribution with the number of degrees of freedom given by the number of restrictions imposed (Battese and Coelli,1993) because γ = 0 is a value on the boundary of the parameter space for λ. If the parameter μ is restricted to zero then the half-normal distribution is the effective model for inefficiency. On the other hand if η is restricted to zero in the model then the model is one with time-invariant inefficiency effect. Table 4 shows that all the values of test statistics are more than their critical values. It implies that all the null hypotheses are rejected and the alternative hypotheses are accepted. In our study, γ is always greater than zero and statistically significant whatever be the hypothesis. Therefore, inefficiency exists in the agricultural production of West Bengal. Kodde and Palm (1986) .
Source: Authors' Calculation
We also tried to check the robustness of the result by using maximum likelihood function instead of the ordinary least square. The hypothesis μ = 0, is rejected, which means half-normal distribution is not suitable for our analysis. The alternative distribution of a truncated normal is the effective distribution for our analysis. Similarly, η positive is the accepted proposition in our model. So it can be said that the maximum-likelihood estimates of the Cobb-Douglas stochastic frontier production function in a time-variant truncated normal distribution is the suitable model for the measurement of technical inefficiency in West Bengal agriculture. The estimates for the parameters of the time-varying inefficiency model in Table 2 indicate that the estimates for η parameter in a truncated normal distribution is positive and significant, the technical efficiency tends to increase over time and vice versa. The variance ratio (Gama) shows that 48.90 percent of the differences between the observed output and the frontier level of output has been caused by differences in farm's technical inefficiencies, while the remaining variation is due to factors out of farmers' control.
The estimated results of time variant truncated normal distribution (Table 2 ) also indicate the relative importance of inputs in agricultural production of West Bengal. The land is the most important factor of production with an elasticity of 0.510, followed by labor with an elasticity of 0.334, the elasticity of availability of credit is 0.292 and that of irrigation and fertilizer consumption are 0.068 and 0.025 respectively. The sum of the partial elasticities with respect to each input estimated by the maximum likelihood estimator of the Cobb-Douglas stochastic production function is 1.228. The agricultural farms, therefore, in West Bengal exhibit increasing returns to scale. This implies that an increase in all available inputs leads to a more than proportionate increase in farm output (Kompas and Chu, 2006) . Table 5 indicates that the average technical efficiency of different agricultural production units (districts) of West Bengal have increased over the time periods considered. In the decade of 2010, all the production units have produced more efficiently than in the previous decades. The magnitude of technical efficiency of all the districts is more than 0.599 during the decade of 2010. Among these production units, Hooghly shows the highest technical efficiency and Purulia exhibits the lowest efficiency during triennium 1993-94, 2003-04 and 2013-14. The mean efficiencies are 0.478, 0.609 and 0.719 during the triennium ending 93-94, 2003-04 and 2013-14 respectively. 
Farm Level Technical Efficiency
Source: Authors' Calculation
The table 5 also indicates that during triennium ending 1993-94, the magnitude of technical efficiency of all the farms are below 0.60, except Hooghly (0.980) and Bardhaman (0.679). Fifteen farms out of seventeen have shown low levels of technical efficiency during this period. In other words, 88.23 percent of farms have technical efficiency below 0.60. However, the value of technical efficiency of all farms during triennium ending 2013-14, are above 0.60. In this period all farms show comparatively higher level of technical efficiency.
The Determinants of Technical Efficiency
Agricultural production level which are technically inefficient, reduces farmers' income and profit. Estimation of technical efficiency of farming helps farmers to evaluate whether their farms are technically efficient or not subject to the available resources. The study of technical efficiency is likely to enlighten the farmers about the better use of the farming inputs and improves their production efficiency through higher level of production. A vital question in this context is how to improve farmers' technical efficiency using the resources available to them. In order to find a solution to this problem the study further analyzes the determinants of technical efficiency.
A. Maximum Likelihood Estimation:
Maximum likelihood estimation is used to estimates the δ coefficients of equation (9) for determinants of technical efficiency. A positive sign of the estimated parameters indicate an increase in TE with the increase in the levels of the variables chosen and vice versa. A negative sign implies that technical efficiency decreases with an increase in the variables considered. The results are presented in table 6.
The coefficients of input intensity like labor, irrigation and fertilizer consumption have a positive sign. All these coefficients are statistically significant. The technical efficiency is enhanced when fertilizer consumption and irrigation facility increase along with labor employment per unit of land. Crop diversification here has been defined as the policy related variable. The estimated coefficients of this variable is positive and statistically significant at 1percent level. This implies that greater crop diversification is associated with a higher level of technical efficiency. The farms characterized by higher diversification are more efficient. This result is consistent with the findings of Ahmadzai (2004), Manjunatha et. al. (2013) , Ogundari (2013) , for Afghanistan, India, and Nigeria respectively. The size of holdings, the proportion of small landholders and the number of agricultural markets are the infrastructural variables. The coefficients of farm size and the number of agricultural markets are significantly positive. This implies that large farms are more technically efficient than small farms. This result however contradicts that obtained by Yotopoulos and Lau (1971) that smaller farms are more efficient in cost allocation. The result also does not support the observation of Van-Zyl et. al. (1995) that commercial farms could be significantly more efficient if they become smaller.
But the result is in coincidence with that of Laha (2013) that large farms having access to formal credit are technically more efficient than smaller ones. In an asset based lending policy, land size often determines the probability of access to credit. Hence large farmers having access to credit are able to utilize it properly by acquiring required inputs and thereby attain technical efficiency which small farms cannot. Cornia (1985) also obtained similar result. Initially, the factor use intensity gave small farms a productivity advantage over large farms. However, after the advent of Green Revolution, the small farms might have lost this advantage. In the absence of technical extension and access to credit facility, small farmers could not use the Green Revolution technology. The analysis also shows that technical efficiency in agricultural can be enhanced by expanding agricultural markets. With greater access to markets, farmers can easily buy inputs and sell their outputs at a lower cost. The proportion of small farmers and technical efficiency are inversely related as the coefficient of the variable the 'proportion of small farmers' is significantly negative. Hence it can be concluded that a decline in the proportion of small farmers leads to a rise in the technical efficiency. It is true that small farmers are unable to cultivate as efficiently as large farmers as their resources are limited.
The coefficients of institutional variables including farmers' education and agricultural extension are positively correlated with technical efficiency. All these coefficients are statistically significant. Education has a positive and significant impact on technical efficiency. Educated or knowledgeable farmers use their inputs more efficiently compared to uneducated farmers. Here education means vocational training and adult education. Therefore the suitable policy would be to strengthen vocational and adult education in rural areas through active government initiative (Ahmadzai, 2004) . The coefficient of agricultural extension has a significantly positive value. The result indicates that facilities of agricultural extension mainly scientific research and introduction of new kinds to agricultural practice improve farmers' efficiency. These results support the observations of Li Zongzhang and Li Dingan (2011) . The empirical results of their study suggest that agricultural extension has a positive impact on technical efficiency. The provinces having more agricultural extension facilities along with larger number of extension personnel exhibit higher production efficiency. Therefore the present study suggests that the central and state government should take initiative to provide greater agricultural extension facilities. This can be done through organizing wider range of communication and learning activities for rural people by educators from different disciplines including agriculture, agricultural marketing, and health and business studies.
B. Principal Component Analysis:
In this section principal component analysis has been used to estimates the different principal components (PC) of equation (10) as determinants of technical efficiency. The PCA has been used as an alternative statistical tool to compare the results derived from MLE.
Here, eight variables have been taken into consideration in principal component analysis (PCA) of which maximum variability has been displayed by the first four Eigen values and the corresponding four components have been picked up for further analysis. The principal component regression (PCR) has been done on panel data from 17 farm (districts) for the period of 23 years (1991-92 to 2013-2014) . Rotated component matrix of independent variables (determinants of Technical Efficiency) with different factor loadings for selected agricultural farms in West Bengal have been presented in Annexure Table 1 . This has been calculated using SPSS software. The factor loadings represent the weights assigned to each of the variables in the linear combination corresponding to each Eigen value. The values of factor loadings obtained for each principal component indicate that all the variables are significant. Therefore, it can be concluded that whatever be the statistical technique, be it the maximum likelihood estimation or the principal component regression analysis the findings are similar.
Conclusion
In this study, the district level TE of West Bengal and its determinants have been analysed for the post-liberalization period from 1991-92 to 2013-14. The stochastic frontier approach has been used as the analytical tool. It has also been attempted to check the robustness of the results under alternative specifications by using maximum likelihood function instead of ordinary least square. The findings indicate that the truncated normal distribution with time-variant model is suitable for the measurement of technical inefficiency for West Bengal agriculture. The estimated variance ratio indicates that around 48.90 percent of the differences between the observed output and the estimated output has been caused by differences in farms' technical inefficiencies, while the remaining variation is due to factors out of the control of the farmers. The technical efficiency of different production units have increased over time. Among the production units Hooghly shows the highest technical efficiency while Purulia exhibits the lowest efficiency. The study also shows that the sum of the coefficients of inputs in the production function (Cobb-Douglas type) is greater than one implying the presence of increasing return to scale in West Bengal agriculture.
Among the determinants of technical efficiency, the proportion of small landholders alone has significant negative effects but the other determinants show positive and significant impact on technical efficiency. This indicates that greater crop diversification in large farm is associated with higher levels of technical efficiency. Education (vocational training and adult education) and agricultural extension (scientific research and new knowledge to agricultural practice) also have positive and significant impact on technical efficiency as expected. The paper suggests that to reap the advantage of TE, more crop diversification should be practiced in West Bengal backed by improved farmers' literacy.
Economic Review, 63(1), [214] [215] [216] [217] [218] [219] [220] [221] [222] [223] [224] [225] i Panel data contains more information than a single cross section, it therefore enables to relax some strong assumptions used in cross-sectional data and to obtain estimates of technical efficiency with more desirable statistical properties. The main diff erence between cross sectional and panel-data estimation techniques is that with cross-sectional data it is only possible to estimate the performance of each production farm (district) at a specific period in time, whereas with panel data, we are able to estimate the time pattern of performance for each production farm (district). One problem with cross sectional data in efficiency measurement is that technical inefficiency cannot be separated from farm specific eff ects that are not related to inefficiency (Battese and Coelli 1995) . Panel data avoids this problem. While implementing inefficiency measurement using panel data, it is important to distinguish technical inefficiency from farm (district) and time specific eff ects. These eff ects are normally separate from exogenous technical progress. In a panel data context, it is possible to decompose the error into district specific eff ects, time specific eff ects, the white noise and technical inefficiency (Kumbhakar, 1991) . 
Annexure
